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Spatio-temporalCompared with conventional household one/two days travel survey, GPS-based travel sur-
veys hold many attractive features for travel behaviour studies. Different machine learn-
ing-based techniques have been developed to infer the transportation mode based upon
GPS data from such surveys. However, nearly none of these studies calculate the sample
size required for validating these techniques. Since different surveys target different study
areas for different temporal periods and different travel modes, identifying sample sizes for
all transport modes at different spatio-temporal granularities is of imperative urgency
given the high time and ﬁnancial costs of GPS-based travel surveys. Here we use road net-
work journey time data of London to calculate appropriate sample sizes for travel surveys
designed either for a speciﬁc period-of-the-day, day-of-the-week or month-of-the-year.
We also use different transportation analysis zones (central, inner and outer London) to
demonstrate the spatial variability of the data over these different survey durations. Then
we ﬁnally calculate and analyse the range of required sample sizes for different travel
modes within these spatio-temporal granularities. This case study provides a good refer-
ence of sample size design for GPS-based travel survey in big cities.
 2013 Elsevier Ltd. All rights reserved.1. Introduction
Travel surveys are one of the most important ways of obtaining critical information needed for transportation planning
and decision making. These surveys gather current information about the demographic, socioeconomic, and trip-making
characteristics of individuals and households (Bolbol et al., 2012). Nevertheless, they are also used to enhance our under-
standing of travel in relation to the choice, location, and scheduling of daily activities. This enables us to enhance our travel
forecasting methods and improve our ability to predict changes in daily travel patterns in response to current social and eco-
nomic trends and new investments in transportation systems and services. These travel surveys also play a role in evaluating
changes in transportation supply and regulation as they occur (Grifﬁths et al., 2000).
Traditionally, travel surveys used to be conducted using different methods such as telephone and face-to-face interviews
and computer-based reporting to maintain a diary (Stopher and Greaves, 2007). These have proven to be a burden forribution,
A. Bolbol et al. / Transportation Research Part C 43 (2014) 176–187 177participants to use as well as being expensive and time consuming (Stopher and Metcalf, 1996). Later, a new trend emerged
as to use GPS devices in conjunction with traditional surveys (Stopher, 2008). Although using GPS devices might introduce an
element of bias in a participant’s behaviour, however, their usage has proven to minimize trip under-reporting through im-
proved survey methods (Bricka and Bhat, 2006). GPS-based surveys were also found useful for exact time and destination
recording and capture of trip underreporting (Wolf et al., 2003; Schönfelder, 2006). Such surveys are used to produce various
analyses such as travel time, modal split, discrete choice and trip distribution models (Ortúzar and Willumsen, 2011). These
analyses include measuring variables such as trafﬁc congestion (Bachman et al., 2012), properties of mode of transport,
length of stages, journey time, purpose of the journeys (DfT, 2011), and so forth.
Although prompt recall surveys could be used to improve the accuracy of GIS-based survey, they are still proved to be
expensive, time consuming and burdensome. Many research groups tackled this problem by attempting to infer travel infor-
mation from the GPS data automatically (Liao et al., 2007; Zheng et al., 2008; Bolbol et al., 2012). Among these types of infor-
mation is the transportation mode (e.g. cycle, walk, bus and so forth). This inference would eventually replace or complete a
lot of the feedback required by participants when labelling and tagging their travel diaries.
Calculating the minimum sample size is an important consideration for this kind of inference models, and depends very
largely on these investigated variables (Ortúzar and Willumsen, 2011). For conventional one-day or two-day travel surveys,
sample size procedures are well known and widely applied; for example, the Travel Survey Manual by Cambridge System-
atics (Tierney et al., 1996). The corresponding sample size procedures for GPS-based panel surveys however, are less well
developed. One of the few studies tackling this problem is Xu (2010), where it develops a framework to estimate the effective
sample size of GPS-based panel surveys in urban travel behaviour studies for a variety of planning purposes. The study at-
tempts to obtain reliable means for key travel behaviour variables such as demographic characteristics and seasonal factors,
using data from only 95 households. Stopher et al. (2008) also attempts to ﬁnd the best threshold between the minimum
sample size and the least sampling period. The study analyses hypothetical and actual multi-day data on person kilometres
travelled (PKT), trips, and daily travel time for about 70 persons living in Adelaide, Australia and a second sample of about
500 persons also living in Adelaide. However, there are no studies, to the knowledge of the authors, which calculate the sam-
ple size for GPS-based travel surveys taking into consideration the modal, spatial or temporal granularities of the designed
study.
The aim of this work is to provide an insight on the process of sample size calculations for travel surveys depending on the
intended modal and spatio-temporal scope of the study. Here we provide the means to calculate the sample size for trans-
portation mode inference studies, for different spatial analysis zones at different temporal granularities. The calculation is
based on the value coefﬁcient of variation (CV) of the variable under investigation. The CV measures how ‘‘variable’’ a var-
iable is relative to its average value. The variability is primarily calculated for different modes. For motorised modes, we use
data provided by Transport for London (TfL) from their London Congestion Analysis Project (LCAP) project obtained from
Automatic Number Plate Recognition (ANPR) cameras (Haworth et al., 2013; Tsapakis et al., 2013). We study the speed var-
iation within an urban environment such as London across daily periods, days and different months taking seasonality into
account. We also compare these different temporal granularities within the different spatial extents of any designed survey.
Therefore, we use TfL’s doughnut zones for London (Central, Inner and Outer) as a geographical division to measure the im-
pact of varying the location of the survey on the required sample size calculation. Also, for non-motorised modes, outcomes
from other studies are used to assign a rough calculation and hence draw comparisons with motorised data variability
calculations.2. Variable variability
In this section we discuss the process of identifying the sample size for studies aiming at detecting the modes of transport
from GPS data. In order to perform this calculation we need to clearly deﬁne the independent variables involved, which in
our case is speed calculated from GPS data. The most important factor that the calculated sample size depends on is how
variable speed is in the study area, which in our case is London. The reason that we use London as a case study is because
it represents an example of a highly complex urban environment with many different transport networks and distinct move-
ment characteristics.2.1. Variability of the independent variable
Estimating the sample size adequate for whichever survey type requires good knowledge of: (1) the variables under inves-
tigation, (2) their coefﬁcient of variation (CV) and (3) the desired accuracy of measurement together with the level of signif-
icance associated with it (Smith, 1979).
The ﬁrst element in the sample size calculation process is identifying the variables to be used in the study. In recent work
of ours, we have conducted an ANOVA test on different Independent Variables (IV) derived from GPS data to identify which
IV best discriminates between different classes of modes of transport (Bolbol et al., 2012). The outcome of the evaluation
identiﬁes the best IVs to be used for the classiﬁcation as speed and acceleration. The chosen variables can also be anything
that the survey is conducted to measure or to use in its analysis, but as a case study in this paper we will use speed to dem-
onstrate the calculation process.
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depends largely on how much the variable deviates from its mean. The CV is a normalized measure of dispersion of a prob-
ability distribution, or a statistical measure of the dispersion of data points in a data series around the mean. It is calculated
by dividing the standard deviation (r) by the mean of the population (x) as shown in Eq. (1).CV ¼ r
x
 100 ð1ÞThe third element is the accuracy desired (and signiﬁcance level) where the accuracy level is the percentage error accept-
able to the analyst. Both the accuracy and the signiﬁcance level are context-dependant elements to be decided by the analyst
according to the analyst’s experience (Ortúzar and Willumsen, 2011). Once these three factors are deﬁned, the sample size
(n) could be computed from Eq. (2) as stated by Richardson et al. (1995) and Ortúzar and Willumsen (2011) for continuous
variables such as speed.n ¼ CV
2Z2a
E2
ð2Þwhere E is the level of accuracy (the margin of error for the estimate of x) and Za is the standard normal distribution quantile
value for the conﬁdence level (a) required (Ortúzar andWillumsen, 2011; Richardson et al., 1995). A normal random variable
X will exceed xþ rZa with probability 1  a; and will lie outside the interval x rZa with probability 2(1  a). In this re-
search, we use the quantile Z0.90 which corresponds to a value of 1.645; therefore, a normal random variable will lie outside
the interval x 1:645r in only 10% of cases.
2.2. Intra-modal and inter-modal variability
The coefﬁcient of variation of speed could be computed from speed data available from different resources available to
this research. However, we need ﬁrst to consider the different categories/classes (modes of transport) to be used in this cal-
culation, where different modes will have different variability in terms of the speed used. An example could be the difference
between walk and car modes, where different car drivers in the population would drive in different manners and speeds,
whereas pedestrians would be more constrained in terms of speed variability. Hence, the inter-modal variability will be
quite high, while the intra-modal variability would be relatively low but varying depending on the mode type. Nevertheless,
since the CV is calculated by dividing by the average speed, the walk mode might have a higher ‘‘relative’’ variability. On the
whole, there is a need to calculate the CV for different modes separately. This will be further discussed in Section 3.
2.3. Spatio-temporal variability
The speed would also vary differently according to both: different temporal (seasonal) periods of the study, that being;
hourly, daily or monthly, and spatial zones where the survey is being planned. Examples of these scenarios might vary from a
survey aiming to study city centre pedestrian activity over certain hours of the day to a study of bus trips within urban out-
skirts over a year. Therefore, in the following section (Section 3) we attempt to quantify the CV for the different modes of
transport, temporal granularities and spatial zones, and analyse the impact of varying these survey scopes. Hence, we quan-
tify the sufﬁcient sample size for different surveys targeting a range of spatio-temporal combinations by applying a case
study of the City of London.
3. Calculating the coefﬁcient of variation (CV)
In this section, we will consider calculating the CV of speed in order to calculate the sample size needed for each mode of
transport separately. The train and underground modes however should theoretically have the lowest variation since they
run according to schedules and their networks are more controlled and therefore not very much congestion-affected. More-
over, since they travel at high speeds, their CVwill be very low compared to other modes, and hence their sample sizes rather
insigniﬁcant relative to the rest. This means in turn that other modes such as motorized and un-motorized vehicles using a
road network should have more variation in their speed values; being affected by external factors such as congestion, num-
ber of lanes, road classiﬁcation, and precipitation. This as a result would lead to the need of a higher sample size for other
modes and therefore we will ignore calculating that of train and underground modes. Furthermore, the underground mode
will acquire very few GPS ﬁxes (if any) to be a signiﬁcant phenomenon to measure.
3.1. Cycling and walking
Thompson et al. (1997) conducted a study on the typical cyclist speeds in a recreational population from self-reported
speeds inWashington, US. The mean speed across genders and different age groups was found to be 4.11 m/s with a standard
deviation of ±1.16. As for London, TfL (2010) has compiled a report on cycling analysis ﬁnding an average cycling speed in
London of 4.17 m/s with around a standard deviation of ±1.15. The reason for the low standard deviation is that cyclists in
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28% by applying equation 1 as shown below.Coefficient of Variation ðCycleÞ ¼ CV ¼ 1:15=4:17 ¼ 0:28
By applying Eq. (2), a sample size of 85 participants is found as a requirement for testing a cycling population, assuming a
standard normal value Za (Z0.90) of 1.645 for a conﬁdence level (a) of 90% and a level of accuracy (E) of 0.05.Sample Size ðCycleÞ ¼ n ¼ ð0:28Þ2  ð1:645Þ2=ð0:05Þ2 ¼ 85 participants
Published in another research aimed at studying Pedestrian Level of Service design and impact on the quality of
pedestrian life, Weidmann (1993) obtained a normally distributed average speed of 1.34 m/s and a standard deviation of
0.26 (CV = 19%) for pedestrians walking on the street (Bloomberg and Burden, 2006). Another study measured walking
speeds in different age groups, with an average speed of 1.51 and 1.25 for younger and older pedestrians respectively and
a standard deviation of ±0.25 in both cases, leading to CVs of 17% and 20% (Knoblauch et al., 1996). The study included a total
of 7123 participants from all age groups. Similarly, by applying Eq. (2), this would result in a sample size of around 40
participants.
This leaves us with the car and bus modes. These two modes are the two main motorised modes of transport that use the
road network. The complexity of the road network and of the temporal variation in congestion dictates how difﬁcult it is to
detect the speed variability within such a network. The case of these two modes is more complex than that of walking and
cycling because of the fact that they are motorised and hence varying in speed massively. They also obey the road network
restrictions, unlike walking and cycling where the urban setting does not restrict the speeds as much. The following subsec-
tion discusses the nature of these modes and their associated speed variations.
3.2. Car and bus
Yet the most problematic and variant modes are the motorised vehicles due to the road network constraints that govern
vehicle movements and hence largely dictate speed variability. To obtain an accurate understanding of speed variability in
the context of London, we use journey time data collected by Transport for London (TfL). In this subsection, we provide a
brief description of the dataset used, together with the mathematical model adopted to calculate a weighted sample size
leading to obtain more accurate ﬁgures. We analyse then the spatio-temporal variability of the calculated speeds, and hence,
a sample size based on different spatio-temporal dimension.
3.2.1. Study data
We use the LCAP data provided by TfL to study the speed variability of these vehicles. The data consists of journey times
for each network link, and is by far the best resource for understanding trafﬁc congestion and speeds within London. The
dataset consists of daily journey times for every link every 5 min by identifying vehicles at the beginning and the end of each
link using ANPR cameras. This system provides continuous journey time information for key routes in London (676 road links
with an average link length of 2600 m). Fig. 1 shows these LCAP links that are measured within London along with a geo-
graphical division of the city into doughnut-shaped zones deﬁned by TfL. Tsapakis et al. (2013) and Haworth et al. (2013)
discuss the dataset in more detail for further reference.
The chosen data period is for 2009, and hence, the data was queried for an entire year of 2009 (365 days) and aggregated
according to each link per different time durations of the day per the day of week per month. The data could be divided into
two categories, assuming the bus lane user category is restricted to the bus mode while the non-bus lane user is restricted to
the car mode.
One might argue that using such data to calculate the number of individual participants needed for mode of transport
detection studies ignores the normal assumption of statistics that observations, such as that of the TfL data, are independent,
while if a person provides measurements for multiple days (or time periods, or months), the observations are no longer inde-
pendent. In fact, one person may repetitively use the same route on multiple days and is, in any case, geographically limited
to a particular part of the urban area. As a result, observations from multiple time periods will violate the assumption of
independence. However, we argue that individuals moving using vehicles or buses are still correlated to the congestion lev-
els at each given point in space and time. Therefore, in this work, we divide the sample size calculation geographically to
customise the calculation based on the sample’s travelling zones. We also divide the calculation based on time periods to
account for the correlation based on the congestion levels at different times.
3.2.2. Calculating the weighted sample size
An average could be calculated for the speed data for each of the bus lane and non-bus lane categories, however, all links
are treated equally regardless their length. Therefore, a rather more realistic ﬁgure would be calculating the weighted aver-
age of the speed using each link’s length using Eq. (3).xw ¼
PN
i¼1 lixiPN
i¼1 li
ð3Þ
Fig. 1. TfL’s LCAP links in the study area of London classiﬁed according to the 3 doughnut-shaped trafﬁc zones.
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order to calculate the CV, we need to calculate the standard deviation associated with these speeds. Traditionally, we would
use the following formula to perform this calculation:r ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃPN
i¼1 ðxi  xÞ2
N  1
s
ð4Þwhere r is the standard deviation for a population sample and the x is the sample’s average. However, to calculate the
weighted standard deviation rw the following formula could be used:rw ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃXN
i¼1 l
2
i r2i
r
ð5Þwhere li is the length of link i and N is the number of non-zero weights. The CV then becomes the following:CVw ¼ rwxw  100 ð6Þwhere xw is the weighted mean of the speeds calculated from Eq. (3) and the CVw is the weighted coefﬁcient of variation
computed from the division of the weighted standard deviation rw by the weighted mean xw. And then Eq. (2) becomes:n ¼ CV
2
wZ
2
a
E2
ð7Þwhere the sample size becomes based on the weighted mean of the calculations. The difference between the weighted and
un-weighted means is illustrated in Fig. 2 for car and bus categories in each of the three doughnut zones of London. As might
be noted, the weighted means are slightly higher than the un-weighted means for bus and non-bus lane users. The difference
between weighted and un-weighted means is due to that longer links are given higher weights while containing higher
speeds (such as in the case of motorways). This exaggeration of the speed values of longer links eventually leads to the in-
crease of the overall weighted mean of speed.
3.2.3. Analysing the spatio-temporal speed variation
The next step is to identify different speed variability values according to different spatio-temporal combinations
(Inter-daily, daily and monthly for the 3 London analysis zones). In the rest of this section, we compare these combinations
Fig. 2. Weighted and un-weighted means of the speed data for different zones.
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ularity. We will then use the each relative variability to apply it to Eq. (7) to identify the sample size required for each of
these two modes. The results of the sample size calculations are presented later in Section 4.3.2.3.1. Hourly variation. Table 1 illustrates the results calculated for intra-hourly variability aggregated into signiﬁcant peri-
ods of the day (identiﬁed by TfL) for bus lane users (assuming bus mode) and non-bus lane users (assuming car mode). Fig. 3
illustrates the weighted average speed values by different time intervals along the day for the aggregated data period for
both categories. It could be noted how differently the speed varies from relatively low speeds in the earlier half to the lowest
values at the pm peak period of the day raising up again at the evening, night and pre-am periods again. One could also note
that the difference in speed between cars and buses increases signiﬁcantly in the late part of the day highlighting the fact
that buses will not exceed certain speeds even in low congestion periods, being restricted by stoppage at bus stops and vehi-
cle-acceleration limitations. The average intra-hourly variation is shown to be around 52% and 50% for bus lane and non-bus
lane users respectively as shown in Table 1. The overall inter-hourly variation however could be calculated from the average
speeds giving 10.34% and 13.26% for each group respectively.3.2.3.2. Daily variation. Fig. 4 also demonstrates the difference between bus lane and non-bus lane users in the form of box
plots for different time intervals within the day along different days of the week. It could be noted that on Saturdays and
Sundays the average weighted speed increases notably especially in the AM period, which illustrates the signiﬁcance of this
temporal granularity. It also seems that only the night period for either mode on weekdays have slightly higher speed values
compared to the weekends. One might also note that at congested periods during the day, the speed of cars is less variant
than of buses. This reﬂects that during busy times, some bus lanes might be relatively free and others busy, while for non-bus
lanes, most of them are similar in congestion levels.
The intra-daily variation and average speeds are presented in Table 2. The inter-daily variation can also be calculated from
the table to give 3.36% and 4.05% for bus and car modes respectively.Table 1
Weighted average speed (m/s) according to inter-daily and intra-daily temporal variability from the LCAP data.
Period Time Bus lane users Non-bus lane users Both
Mean CV (%) Mean CV (%) Mean CV (%)
All day 8.80 52.03 9.83 50.10 9.32 51.04
AM 07:00–09:55 8.43 51.66 9.31 47.50 8.87 49.48
Inter-AM 10:00–12:55 8.28 54.62 9.11 50.62 9.61 50.16
Inter-PM 13:00–15:55 8.02 54.57 8.74 50.25 8.70 52.52
PM 16:00–18:55 7.66 51.78 8.17 47.09 8.38 52.32
Evening 19:00–21:55 9.04 50.76 10.19 49.51 11.22 51.49
Night 22:00–05:55 10.37 50.40 12.07 52.03 7.92 49.37
Pre-AM 06:00–06:55 9.78 50.04 11.25 48.75 10.53 49.42
Fig. 3. Inter-daily and intra-daily results for the weighted mean speed data (m/s).
Fig. 4. Inter-daily variations in weighted speed data (m/s) by time interval for both categories for different time periods of the day.
Table 2
Weighted average speeds (m/s) according to daily temporal variability from the LCAP data.
Week day Bus lane users Non-bus lane users Both
Mean CV (%) Mean CV (%) Mean CV (%)
All week 8.80 52.03 9.83 50.10 9.32 51.04
Monday 8.78 50.83 9.89 48.93 9.34 49.87
Tuesday 8.61 51.46 9.62 49.46 9.11 50.44
Wednesday 8.56 51.51 9.52 49.65 9.04 50.57
Thursday 8.60 51.23 9.57 49.52 9.08 50.37
Friday 8.59 51.28 9.55 49.31 9.07 50.27
Saturday 9.13 51.59 10.29 50.40 9.71 51.02
Sunday 9.37 51.28 10.62 50.30 10.00 50.84
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graphical analysis zones of London. It could be noted that the night and pre-am periods contain the highest speed values
for both cases, while the pm period contains the lowest speed values due to peak hour congestion. There also seems to
be a spike in August where values go a little higher expressing less congestion which could be attributed to holiday season,
while having the opposite effect in November. This could inform us that some intra-monthly variation exists; however, we
Fig. 5. Inter-monthly variations in weighted speed data (m/s) by time interval for both categories for different geographical zones.
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don; highlighting how high they can go in outer London and how low they might decrease to in central London. Also, the
space between the daily time intervals increases as we move from central to outer London. This suggests that as we move
towards outer London the signiﬁcance of the time of day on speed levels is ampliﬁed. It also seems that the difference in
speed between buses and cars slightly increases as we move towards outer London.
On the other hand, Table 3 illustrates the intra-monthly temporal variability for both user types all through the year.
From the table, an average inter-monthly variation of 1.43% and 1.75% for bus and car modes respectively; which is less than
any other granularity.3.2.4. Summary
This section has analysed and discussed calculating the CV for different intra-temporal granularities. It has also provided
an insight into understanding the inter-temporal variability such as from one period of day to another, one day of week to
another and one month to another. It also explored different types of inter-temporal granularities with one another, such as
how different periods of the day vary from one day of week to another or from one month to another. The section has also
explored the latter relationship across different zones of London’s road network. The next section calculates and describes
the results of calculating the sample sizes for different spatio-temporal combinations for these two motorised modes of
transport (i.e. bus and car).
Table 3
Weighted average speeds (m/s) according to monthly temporal variability from the LCAP data.
Month Bus lane users Non-bus lane users Both
Mean CV (%) Mean CV (%) Mean CV (%)
All year 8.80 52.03 9.83 50.10 9.32 51.04
January 8.88 51.18 10.03 48.96 9.46 50.04
February 8.76 51.77 9.83 49.61 9.30 50.66
March 8.77 52.24 9.78 50.37 9.27 51.29
April 8.97 51.68 10.01 49.92 9.49 50.79
May 8.98 51.84 10.06 50.28 9.52 51.06
June 8.77 52.45 9.79 50.48 9.28 51.44
July 8.82 52.15 9.80 50.36 9.31 51.24
August 8.96 52.14 10.08 50.12 9.52 51.10
September 8.68 53.01 9.65 50.93 9.17 51.94
October 8.62 52.65 9.63 50.61 9.13 51.61
November 8.59 52.06 9.53 50.18 9.06 51.09
December 8.75 51.15 9.84 49.27 9.30 50.19
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So far, we have explored inter- and intra-temporal speed variability and the relationship between different temporal
granularities and spatial zones of the road network. We ﬁnally obtain CV values for different spatio-temporal granularities
and we can calculate their corresponding sample sizes. This section analyses these calculated sample size values and dis-
cusses their spatio-temporal signiﬁcance. Each of the following sub-sections describes the calculation assuming different
hypothetical GPS-based travel surveys each of a different temporal granularity. Table 4 shows the calculated sample sizes
for these modal-spatio-temporal granularities, and is grey-shaded according to their values where the higher the sample
size, the darker the shade is.
4.1. One year survey
From the previous section, for the whole area of London (including three zones all together), a one-year-long GPS-based
travel survey will have a calculated CV of around 52% and 50% for bus and car modes respectively. We use these values in Eq.
(7) to calculate the weighted sample size for both modes follows:Sample Size ðBusÞ ¼ ð0:52Þ2  ð1:645Þ2=ð0:05Þ2 ¼ 289 participants
Sample Size ðCarÞ ¼ ð0:50Þ2  ð1:645Þ2=ð0:05Þ2 ¼ 271 participantsWe can also note from Table 4 that the sample size for the year’s granularity varies according to the intended spatial ex-
tent of the survey for example; from as much as 293 of car participants for central London to 157 bus participants for central
London. Also, the sample size required for the car mode appears to increase as we move into outer London, but is does not
change a lot for the bus mode across London.
4.2. One month survey
For central London, one Month-long surveys seem to require a smaller sample size if they were to be conducted in certain
months such as January or August for surveys, or vice-versa for other months such as March, June or November. This might
be attributed to the busy seasons of the year that mainly affect the city centre, whereas the busier the season is the higher
sample size required to study city centre movements for either modes. On the other hand, for inner and outer London, the
required sample sizes seem to be nearly similar along the year,
Generally, surveys in central and outer London for bus mode require a higher sample size than inner London, whereas
only surveys designed for outer London require a higher sample size for the car mode. Also, the highest sample sizes required
are of the busy months in central London for the bus mode.
4.3. One day survey
As might be expected, weekdays will have more variability, and hence studies designed to be carried out during a week-
day in central or inner London will require a higher sample size than during weekends. However, what is more interesting to
note is that the required sample size increases for the weekends only for outer London. However, the trend of sample sizes
required for buses in central London are higher than that for cars still persists. Also, Mondays seem to require less sample
sizes than the rest of weekdays. This might be due to decline of unusual behaviour on Mondays, where it is the start of the
week and people tend not to do many plans on the ﬁrst day of the week.
Table 4
Calculated sample sizes needed for different spatio-temporal combinations of possible GPS-based travel surveys (grey-shaded).
Study granularity Temporal
Year
aggregate
Year Month Day Periods of the day
January February March April May June July August September October November December Monday Tuesday Wednesday Thursday Friday Saturday Sunday AM Inter-
AM
Inter-
PM
PM Evening Night Pre-
AM
Bus Spatial Central 289 293 249 290 319 281 298 323 301 248 312 308 325 275 283 335 349 351 322 216 188 358 491 475 489 239 111 141
Inner 210 203 212 210 199 196 209 208 195 234 229 221 205 190 205 205 198 206 196 176 223 287 296 278 182 137 153
Outer 281 279 279 287 284 283 285 281 287 284 278 271 266 274 274 273 271 272 288 290 268 282 283 246 271 295 289
Car Central 271 141 107 137 156 132 139 168 155 111 158 150 162 125 130 170 184 182 162 109 92 135 265 256 267 113 58 56
Inner 157 151 160 162 150 151 157 159 149 170 169 158 153 143 153 157 151 153 156 142 130 186 196 190 137 155 121
Outer 280 275 276 286 284 285 282 282 283 282 278 273 269 275 274 274 273 273 292 295 254 265 261 222 273 320 291
All values in the table reﬂect the number of participants required for each designed spatio-temporal granularity.
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For central London, the sample size increases notably for surveys planned in the Inter-AM, Inter-PM and PM periods, as
might be expected. The increase however, during these periods for the bus mode is almost double of the car mode. This could
be a proof of how complex the bus lane congestion in central areas could get during these peak hours of the day.
The same trend carries on from central to inner London, requiring a bigger sample size for both modes. However,
the trend nearly disappears in outer London, if not, switches oppositely for the non-peak times of the day as the sam-
ple size increases for the Evening, Night and Pre-AM periods. This might be attributed to the high variability that outer
parts of London might have during the night due to the different types of trips that road users might do at that time
of the day.4.5. Summary
On the whole, one might note that the bus mode requires a higher sample size due to having a relative high variability
since its average speed is low and hence the standard deviation is high relative to the speed compared to the car users.
Another observation as well is that the smaller the temporal granularity of the survey, the more extreme the calculated
sample size, whereas the busier the season (weekdays or peak hour) the higher calculated sample size due to its high var-
iability, and vice-versa.
Outer London generally requires a higher sample size for the car mode except in the case of a survey that targets peak
hours within a day, as central London would require a higher sample size. For the bus mode however, one month and
one day surveys seem to require higher sample sizes for central and outer London than in inner, whereas peak-hour-surveys
in central London require as much as double the sample size required for outer London.
If a multiple of any of the previous temporal granularities was chosen as a survey’s duration (e.g. from 1-day to 2-days),
work done by Stopher et al. (2008) might appeal as very useful, where it discusses the effect of extending the duration of the
survey on reducing the calculated sample size required.5. Conclusions
We use journey time data for London to calculate appropriate sample sizes for studies that aim to infer the mode of trans-
port from GPS-based travel surveys. The sample size required will depend on the mode of transport, temporal granularity
and the spatial extent of the study. Therefore, we start off by measuring the variability of different modes that use the road
network. The study demonstrates that motorised modes require by far a larger sample size since they comprise of a higher
variability, where overall sample sizes required for walk, cycle, car and bus modes were 40, 85, 289 and 271 participants
respectively. As a result, we analyse the intra-modal speed variability of the motorised mode data within London (car
and bus) in the spatio-temporal domain.
We calculate hourly, daily and monthly variability for three spatial analysis zones of London (central, inner and outer),
as deﬁned by Transport for London (TfL), to calculate the sample size for each spatio-temporal combination for both bus
and car modes. On the whole, the bus mode appeared to require a larger sample size for surveys in all zones except outer
London, which requires nearly equal sample sizes for both car and bus modes. Temporally, we have also concluded that
the smaller the temporal granularity the larger sample size required (e.g. a survey of a certain period of the day). For that
reason, it might be advantageous to conduct temporally-longer surveys which will also reduce the effect of seasonality.
Spatially, surveys targeted for outer London were shown to require a higher sample size than central and inner London
for the car mode. Conversely for the bus mode, surveys targeted at central and outer London equally require the highest
sample size except for peak-hour-surveys in central London which require as much as double the sample size required for
outer London.
The work carried out in this research can be used as a conceptual reference for identifying the sample size for studies
aiming at detecting the travel modes from GPS-based travel survey at speciﬁc zone and time of day/month/year within Lon-
don. Given the availability of any type of trafﬁc datasets that cover an adequate spatiotemporal extent for any another city,
this work can be used as a guiding reference for detecting the adequate sample size for this type of travel surveys for speed-
related purposes. The study could also be used in conjunction with other studies that attempt to minimise that sample size
required by extending studies to several temporal waves. This study could also be further applied to walking and cycling
modes in the spatio-temporal domain, if the relevant data was made available.
The study could also be extended to inform Field Operation Tests (FOT) or Naturalistic Driving Studies (NDS) on the
appropriate sample sizes for such studies (FOT-NET, 2012). This extension can incorporate other geographic information
such as landuse and Points Of Interest (POI) for different spatial zones in order to get higher sample sizes for underrepre-
sented surrounding environmental conditions. Other relevant information can also be incorporated such as the types of vehi-
cles using (or allowed to use) the road links at different spatiotemporal study periods. The calculation will then have more
variables than just the speed to account for studies that assess phenomena such as the relationship between driver-, vehicle-,
and/or environment factors with crash risk.
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